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How does creativity develop? Creativity is a multi-faceted behavior and thus it is difficult to find measures for
creativity that are both precise and comparable across development. Here, we examine the development of
creativity using a “creative foraging” task. The task measures different facets of creativity which we compare
between 4- to 8-year-old children and adults. We find that compared to adults, children spend a higher per-
centage of their search exploring, and their exploitation phases are less efficient. Moreover, children orient their

search to a different and smaller region of the search space, but within that space they produce more unique
creative products. Lastly, as children grow up, their creative products become more adult-like and their
uniqueness decreases. Together, these results suggest that creative search changes across development, in the
search strategy employed, in how the space of possibilities is navigated, and in what ideas are ultimately chosen.

Creativity and exploration play a vital role in children’s learning.
Research has shown how sophisticated young children’s exploration can
be (Bonawitz, van Schijndel, Friel, & Schulz, 2012; Cook, Goodman, &
Schulz, 2011; Legare, 2012; Schulz & Bonawitz, 2007; Schulz, Gopnik, &
Glymour, 2007; Stahl & Feigenson, 2015; Ruggeri, Swaboda, Sim, &
Gopnik, 2019) (see (Schulz, 2012) for a review). There is also some
recent work suggesting that children may be more exploratory than
adults in some cases (Blanco & Sloutsky, 2020; Liquin & Gopnik, 2020;
Schulz, Wu, Ruggeri, & Meder, 2019; Sumner et al., 2019), corre-
sponding to the common belief that children are more curious and more
creative than adults. However, it is difficult to design tasks that are wide-
ranging enough to capture genuine creativity—which we define as self-
motivated exploration through an unconstrained space of possibili-
ties—and yet allow precise analyses and comparisons between children
and adults. In the present research, we address this question by
comparing both the dynamics and output of exploration in a creative
search task between 4- to 8-year-old children and adults.

A literature across several disciplines and domains points to differ-
ences in possible exploration strategies and to an intrinsic tension be-
tween exploration and exploitation. In the optimality literature, for
example, researchers have considered a wide range of problems that
involve searching through a high-dimensional space for an optimal
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solution (Kirkpatrick, Gelatt, & Vecchi, 1983). A “low-temperature”
search may quickly settle on a locally optimal solution, furthering
exploitation, but runs the risk of being stuck in a local minima. A more
exploratory “high-temperature” search may help to reveal better solu-
tions but also means searching through options that are less likely to be
successful.

A related problem arises in the literature on Bayesian hypothesis
search. Bayesian reasoning involves identifying the probability of
different hypotheses given one’s prior knowledge and the current evi-
dence. However, for a reasonably complex problem, it is intractable to
search through all the possible hypotheses, so instead various types of
sampling methods can be used to select from the hypothesis space.
Again, narrower sampling has the advantage of quickly arriving at a
reasonable high probability hypothesis, whereas sampling more broadly
allows more exploration of the space of potential hypotheses but means
that the search process may take longer (Bonawitz, Denison, Griffiths, &
Gopnik, 2014).

In reinforcement learning, an agent must balance exploration of the
space of potential options or policies — sampling the space of possibil-
ities to find the most rewarding options — with exploitation—taking
advantage of those options that have been rewarding in the past (Cohen,
McClure, & Yu, 2007; Daw, O’Doherty, Dayan, Seymour, & Dolan, 2006;
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Gershman, 2018; Hills, Todd, Lazer, Redish, & Couzin, 2015; Teodor-
escu & Erev, 2014). In well-specified reinforcement learning problems
such as multi-armed bandit problems, exploration is defined as the
choices the agent makes to discover new beneficial actions that have not
yet been tried, in contrast to the exploitation of known rewarding ac-
tions (Sutton & Barto, 2018).

Similarly, foraging studies suggest that foragers show two distinct
phases - exploitation of resources that are clamped together, and once
the patch of resources is depleted, going on exploration to find the next
patch (Hills et al., 2015; Hills, Todd, & Goldstone, 2008; Pyke, 1984).

In all these cases, whether one is searching for the optimal solution,
the most likely hypothesis, the most rewarding action or the most pro-
ductive patch, an agent must choose whether to explore the space more
widely or to narrow in more quickly on a reasonable solution. In many
cases, the best strategy is to begin with wider exploration and then move
to narrower exploitation.

Previous researchers (Gopnik, 2020; Gopnik, Griffiths, & Lucas,
2015; Lucas, Bridgers, Griffiths, & Gopnik, 2014) have suggested that
young children explore the space of possibilities differently than adults
do. In particular, children may come up with wilder ideas, may jump
between ideas less systematically, or may explore the space of possi-
bilities more widely. Providing preliminary support for this hypothesis,
Lucas et al. (2014) presented 4- to 5-year-olds and adults with a
Bayesian hypothesis inference problem. Participants saw evidence that a
causal system operated on either a disjunctive principle (individual
blocks caused a machine to activate) or a conjunctive principle (com-
binations of blocks caused a machine to activate). Following previous
research (Lucas & Griffiths, 2010), adults learned the disjunctive rela-
tionship more successfully than the conjunctive relationship. However,
children’s learning was much more flexible. Like adults, children
endorsed the disjunctive hypothesis after observing evidence supporting
this rule, and like adults, they assumed the disjunctive hypothesis was
correct when no evidence was provided. However, they were much
more likely than adults to endorse the (a priori less likely) conjunctive
hypothesis after they observed the corresponding evidence. This sug-
gests that children’s priors were broader and assumed more variability
than adults, and that children accordingly sampled the hypothesis space
in a more exploratory way (and see also (Gopnik et al., 2017; Wente
et al., 2019)).

More recently, empirical work has begun to investigate develop-
mental changes in explore-exploit decision making in the context of
reinforcement learning (Christakou et al., 2013; Decker, Otto, Daw, &
Hartley, 2016; Hauser, Iannaccone, Walitza, Brandeis, & Brem, 2015;
Mata, Wilke, & Czienskowski, 2013; Nussenbaum & Hartley, 2019;
Palminteri, Kilford, Coricelli, & Blakemore, 2016; Rovee & Rovee,
1969). In one study (Schulz et al., 2019), 7- to 11-year-olds performed
more directed exploration (specifically sampling from uncertain regions
in the search space (Auer, 2002; Frank, Doll, Oas-Terpstra, & Moreno,
2009; Wu, Schulz, Speekenbrink, Nelson, & Meder, 2018)) compared to
adults, and they generalized more conservatively across the search space
(see also Refs (Blanco & Sloutsky, 2020; Liquin & Gopnik, 2020; Nus-
senbaum & Hartley, 2019; Sumner et al., 2019)). In another study
(Somerville et al., 2017), however, adolescents were less likely to forgo
immediate reward for the sake of directed exploration compared to
adults.

Although these studies begin to address developmental changes in
exploration, they involve tasks in which exploration is pursued for an
ultimate purpose in a constrained space, either discovering accurate
causal hypotheses or maximizing reward. In contrast, creative discovery
and real-world exploration are often spontaneous and intrinsically
motivated (Amabile, 1985; Oh, Chesebrough, Erickson, Zhang, & Kou-
nios, 2020), with a vast mental search space. Little is known about such
self-motivated exploration in very large spaces of thought.

The general problem is an intrinsic tension between the breadth and
spontaneity of wide-ranging creativity and the kind of precise analysis
and control that is necessary to make comparisons across development.
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In the present research, we overcome this challenge using a “creative
foraging” task, developed by Hart et al. (Hart et al., 2017; Hart et al.,
2018), to precisely test the development of exploration in a more crea-
tive and spontaneous context. The task allows us to systematically
investigate differences in the exploration patterns of younger and older
children and adults on the same task. Do these differences involve the
dynamics of the exploration itself, the search space over which children
and adults choose to explore, the products of children’s and adults’
exploration, or some combination of all of these?

In the task, called the “Creative Foraging Game” (CFG), players use a
tablet to create shapes from 10 connected squares, moving one square at
a time, and choose shapes they deem “interesting and beautiful” (for
adults) or “cool shapes or pictures” (for children) to a gallery (Fig. 1a).
Creative search is thus intrinsically motivated, and participants choose
when their search has resulted in an acceptable product (i.e. a shape
deemed worthy of saving to the gallery). The game records players’
moves, gallery choices, and the timing of their actions. The space of
shapes in the game is large but well-defined and the distance between
any two shapes (i.e., the shortest sequence of moves to get from one
shape to another) is known.

The game measures not only the products of the creative search but
also the dynamic patterns by which creative search proceeds. In previ-
ous research, Hart et al. (Hart et al., 2017) found that adults’ search is
composed of two phases — exploration and exploitation (see methods). In
the exploration phase, players meander through the space of possibil-
ities, moving from one shape to another on paths that are longer than the
minimal path (Fig. 1b) — more like doodling than drawing a pre-
determined shape. On the other hand, during exploitation phases,
players move on minimal paths, saving gallery shapes from a specific
visual category (digits, letters, airplanes, etc., Fig. 1b), suggesting
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Fig. 1. The creative foraging game measures players’ search strategies and the
regions of the search space they navigate in. a) Players create shapes from 10
connected squares by moving one square at a time. They can save to the
“gallery” shapes they deem interesting and beautiful. The game records each
player’s individual moves, timings, and saved gallery shapes. b) For each two
consecutive saved shapes we compute the efficiency score — dividing the
number of moves of the minimal path between the two shapes (dark red arrows)
by the number of moves of the player’s actual path (grey arrows). We then
calculate the average efficiency score in exploration and exploitation phases
and the efficiency ratio between these two measures. c¢) We create the network
of all exploitation clusters by connecting by an edge any two exploitation bouts
that share at least two shapes. The resulting network has a giant component of
connected communities that represent the common visual themes shared by
players. For each player we calculate what percentage of their exploitation
clusters belongs to these common themes. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of
this article.)
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players visualize the next shape they wish to create before they act to
create it. Prior research also tracked which kinds of shapes were pro-
duced, and how much shape categories overlapped across different
participants. In particular, one can calculate what percentage of the
categories in the exploitation phases belongs to the common themes
shared by all participants (the giant component is found using the
Girvan-Newman algorithm (Girvan & Newman, 2002), Fig. 1¢). Among
adults, there was a well-defined set of shape categories and those cate-
gories were very commonly shared across participants. Thus, the CFG
task allows us to quantify the search strategies participants employ, the
space they choose to navigate in, and the products of their search.
Below, we compare the creative search performance of children and
adults on this task and track the development of creative search through
childhood.

As we describe above exploration may involve many different kinds
of search in different domains. In the CFG paradigm we borrow from the
foraging literature and consider exploration as the period of search for
the next “patch” of related ideas. However, one key question addressed
in this research is whether exploration in a space of creative ideas in fact
resembles exploration as previously studied in Bayesian hypothesis
learning, reinforcement learning, and foraging.

1. Methods
1.1. Participants

Participants were 146 children aged 4-8 years (mean + std. = 6 +
1.3 years). Data collection was conducted at the University of Pennsyl-
vania, Princeton University, and University of California, Berkeley. The
data from these child participants were compared to the adult partici-
pants (N = 100, Age: 20-49 years, mean + std. = 25 + 4 years) from
Hart et al. (Hart et al., 2017). Twenty-eight additional child participants
were excluded due to spending less than 8 min on the task or making less
than 30 physical moves (a preregistered condition).

1.2. Pre-registration

The design, protocol, and analysis plan for this study were prereg-
istered prior to data collection on the AsPredicted platform. We denote
analysis that was not preregistered as exploratory in the Results section.

1.3. Procedure

Children played the Creative Foraging Game (Hart et al., 2017) on a
tablet computer. An experimenter demonstrated to children how to
move the squares on the screen (by tapping and dragging) and explained
that all squares had to stay connected. Participants were instructed to
save shape configurations that they thought made a “cool shape or
picture” to the gallery. After these instructions, children spent a mini-
mum of 8 min and a maximum of 12 min completing the task. The
experimenter provided assistance with moving squares and saving
shapes as needed, but all actions were child-directed. We captured the
dynamics of exploration by recording each participant’s saved shapes, as
well as the sequences of actions taken (squares moved) to get from one
saved shape to the next. The adult participants completed the task as
described by Hart et al. (Hart et al., 2017).

1.4. Game measures analysis

Though we provide further detail in the Results, we briefly describe
the main procedures used to analyze the creative search data. To analyze
the search process, we used a thresholding algorithm to tag exploitation
and exploration phases, defining exploitation phases as phases where
players’ time intervals between consecutive choices to the gallery are
(weakly) monotonically decreasing, and exploration phases as periods
where the time intervals between consecutive choices to the gallery are
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monotonically increasing. We calculate the efficiency of each explora-
tion (exploitation) bout by dividing the minimal number of moves
required between each two consecutive choices of shapes in exploration
(exploitation) with the actual number of moves the player made. From
these measures we can calculate players’ efficiency ratio — the ratio of
their averaged exploitation efficiency and averaged exploration effi-
ciency. This efficiency ratio thus gauges individuals’ general efficiency
in exploitation as opposed to exploration.

To analyze the products of creative search, we build a network of
“shared meaning” shapes: Each exploitation bout has a cluster of chosen
shapes. We collect all the clusters of shapes from all players and connect
clusters of shapes that share at least two shapes. On this network, we use
the Girvan-Newman (Girvan & Newman, 2002) (community finder)
algorithm to extract the common themes shared by players. Then, for
each player we compute the percent of their exploitation phases that
belong to these common themes (see Hart et al. (Hart et al., 2017) for
more details). In summary, this scores the extent to which each partic-
ipant produced shapes that align with the shapes commonly produced
by many other participants.

2. Results
2.1. Children differ in their exploration and exploitation search behavior

We find that children (N = 146) alternated between phases of
exploration and exploitation, though they took fewer total moves and
saved fewer shapes than adults (p’s < 10~%). During their search, chil-
dren spent a greater proportion of their time in the exploration phases
relative to adults (Children: mean 4+ ste = 0.23 4+ 0.01, 95% CI =
[0.21,0.27], Adults: mean =+ ste = 0.19 + 0.01, 95% CI = [0.16,0.21].
Mann-Whitney test: U(14,746) = 6022, p < 0.014, Rank biserial corre-
lation = 0.183, see SI, Fig. S1). Children also saved a greater proportion
of their shapes in the exploration phases relative to adults (Children:
mean =+ ste = 0.26 & 0.01, 95% CI = [0.24, 0.29], Adults: mean =+ ste
=0.19 £ 0.01, 95% CI = [0.17, 0.21]; Mann-Whitney test: U(14,746) =
5283.5, p < 0.0002, Rank biserial correlation = 0.283, Fig. 2a and
Fig. 2a, Inset for the cumulative density function (CDF) differences be-
tween the two distributions). A shift-function (Rousselet, Foxe, & Bolam,
2016; Rousselet, Pernet, & Wilcox, 2017) analysis of the decile differ-
ences between the two distributions shows similar results (see SI). Thus,
children both tend to explore more in the game and save a higher per-
centage of their shapes during their exploration phases.

Children also demonstrated their exploratory nature in their less
efficient search during exploitation. For each two consecutive saved
shapes, we calculated the ratio between the minimal number of moves
required between the two saved shapes and the number of actual moves
the player takes between these two shapes in her game (Fig. 1b). This
efficiency score measures the efficiency of player’s moves during
exploration and exploitation. We find that during exploitation phases,
children move between saved shapes in a less efficient way than adults
do, as expressed in their exploitation efficiency scores (Children: mean
+ ste = 0.52 + 0.01, 95% CI = [0.49, 0.55], Adults: mean =+ ste = 0.57
+ 0.02, 95% CI = [0.54, 0.60], Mann-Whitney U(14,746) = 8430.5, p <
0.033). Although children’s exploitation efficiency was smaller than
adults, their exploration efficiency was comparable to adults (Children:
mean =+ ste = 0.50 & 0.02, 95% CI = [0.47,0.53], Adults: mean =+ ste =
0.47 £+ 0.02, 95% CI = [0.43,0.52], p > 0.209). To capture the differ-
ences between children and adults in both phases, we calculated the
efficiency ratio, which computes the ratio between exploration effi-
ciency and exploitation efficiency. We find that children’s efficiency
ratio (exploration efficiency/exploitation efficiency) was higher than
adults, providing further support for the idea that children were less
efficient in their exploitation phases (Children: mean + ste = 1.07 +
0.06, 95% CI = [0.97, 1.19], Adults: mean =+ ste =0.84 + 0.04, 95% CI
=[0.77, 0.91]. Mann-Whitney test: U(14,746) = 5611, p < 0.003, Rank
biserial correlation = 0.223, Fig. 2b). Together, these findings suggest
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Fig. 2. Children are more exploratory than
adults. a) Children save a higher proportion of
gallery shapes during the exploration phase
(Children: mean =+ ste = 0.26 4 0.01, 95% CI =
[0.24, 0.29], Adults: mean =+ ste =0.19 + 0.01,
95% CI = [0.17, 0.21]. Mann-Whitney test: U
(14,746) = 5283.5, p < 0.0002, Rank biserial
correlation = 0.283). Inset, the differences in
the CDF of the children’s vs. adults’ distribu-
tions of % shapes saved to the gallery in explo-
ration. Error bars are 95% CI of each quantile
difference, b) Children show higher efficiency
ratios, defined as the ratio of their exploration

5 10 15 20
Efficiency Ratio

Adults Children

Adults

Children efficiency vs. their exploitation efficiency, sug-
gesting children exploitation is less effective
than adults (Children: mean + ste = 1.07 +

0.06, 95% CI = [0.97, 1.19], Adults: mean + ste

=0.84 + 0.04, 95% CI = [0.77, 0.91]. Mann-Whitney test: U(14,746) = 5611, p < 0.003, Rank biserial correlation = 0.223). Inset, the differences in the CDF of the
children’s vs adults’ distributions of efficiency ratio values. Error bars are 95% CI of each quantile difference,

that children’s search of the space of possibilities is different in character
than that of adults - children both spend more time exploring, and they
exploit less effectively. Given the different search strategies children
employ, we next asked whether the space in which they navigate, and
the products of their creative search are different as well.

2.2. Children navigate in a different and smaller part of the space of
possible shapes

Since the space of possible shapes is well defined and metric, we can
chart the different parts of the space children and adults explored.
Interestingly, we find that children navigate in a different and smaller
part of the space of possible shapes (See Fig. 3a for a depiction of the
network of gallery shapes explored by children and adults and Fig. 3b for
the top 15 most saved shapes for children and adults.) As a measure of
children’s and adults’ different paths in the space of shapes, in an
exploratory analysis we calculated the log-likelihood of each path ac-
cording to adults’ choices. Specifically, we computed the probability of
each transition from one shape to another by counting the number of

Adults

- Log Likelihood of Paths
N

e
=

moves between the two shapes across all adult participants, then
dividing by the number of adults who made the first shape. We then
calculated the mean of minus log-likelihoods of the probabilities along
the entire path of each child and adult participant. Therefore, a higher
score means lower probability of that transition in the adult participants.
Children’s paths in the space of possible shapes were different from
those of adults, as shown in their log-likelihood scores (Children: mean
+ ste = 2.18 + 0.02, 95% CI = [2.14, 2.22], Adults: mean =+ ste = 1.42
+ 0.02, 95% CI = [1.38, 1.46]. Mann-Whitney test: U(14,746) = 224, p
< 1075, Rank biserial correlation = 0.97), Fig. 3c). To further support
the idea that children may be navigating a space of possibilities that is
distinct from the space of possibilities where adults focus their attention,
and that that space is smaller in size, in an exploratory analysis we
computed the percentage of shared shapes between children and adults
out of the total number of shapes created by adults. To account for the
lower number of moves children do in their search, we compared this
percentage to a truncated version of adults’ games, where the number of
steps in adults’ games was truncated to match the mean number of steps
in children’s games. We repeated this calculation 1000 times with

Fig. 3. Children’s network of shapes is
different and smaller than adults’ network
of shapes. a) The network of gallery shapes
of adults and children. Each node is a shape
saved to the gallery; each edge connects
two consecutive choices of gallery shapes.
Nodes colors represent — shapes chosen by
both adults and children (Blue), shapes
chosen only by adults (Green), and shapes
chosen only by children (Orange). b) The
top 15 most saved shapes from children’s
and adults’ network of saved shapes.
Shapes are grouped by adults (green),
children (orange), and shared shapes (at
the intersection of the two ellipses). c)
Children’s paths in the search space are
different from adults’ paths (Children:
mean =+ ste = 2.18 £+ 0.02, 95% CI = [2.14,
2.22], Adults: mean + ste = 1.42 + 0.02,
95% CI = [1.38, 1.46]. Mann-Whitney test:
U(14,746) = 224, p < 105, Rank biserial
correlation = 0.97). Inset, the differences in
the CDF of the children’s vs adults’ distri-
butions of pathss mean minus log-
likelihood values. Error bars are 95% CI

Children

- Log Likelihood of Paths

Adults Children

of each quantile difference, (For interpre-
tation of the references to colour in this
figure legend, the reader is referred to the
web version of this article.)
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sampling with replacements to bootstrap the distributions of the
possible percentage of shared saved shapes. Children’s percentage of
shared shapes was significantly lower than that of the adults’ truncated
version (Children: mean =+ ste = 20% =+ 0.02%, 95% CI = [19%, 22%],
Adults: mean + ste = 40% =+ 0.06%, 95% CI = [36%, 44%]. Mann-
Whitney test: U(10% =0,p < 107>, Rank biserial correlation = 1, see
SI where we also show that removing Hebrew letters from adults’ shapes
does not change the results). These results support the hypothesis that
children navigate in a smaller and distinct space of possibilities
compared to adults.

2.3. Children show higher uniqueness in their creative search products
than adults

We next compared the products of children’s and adults’ search: the
shapes that participants chose to save to the gallery. We find that the
nature of children’s saved shapes was different than that of adults.
Children saved a significantly higher fraction of unique shapes (shapes
that only a single participant saved to the gallery) in their creative
search than adults did (Children: mean =+ ste = 0.40 £ 0.02, 95% CI =
[0.37,0.44], Adults: mean + ste = 0.27 + 0.02, 95% CI = [0.24,0.31].
Mann-Whitney test: U(14,746) = 4737, p < 10_5, Rank biserial corre-
lation = 0.358, Fig. 4a. Similar results are obtained even when we
truncate adults’ trajectories to match children’s average trajectory
length, see SI). As a second measure of their individuality, we can
calculate for each child (adult) the fraction of exploitation phases that
belong to the common themes in children’s (adults’) search (see
Methods, and Fig. 4b). We find that the fraction of categories children
chose to exploit from their common themes was lower compared to
adults (Children: mean =+ ste = 0.17 £ 0.01, 95% CI = [0.14,0.20],
Adults: mean + ste = 0.24 + 0.01, 95% CI = [0.21,0.27]. Mann-
Whitney test: U(14,746) = 9307, p < 0.0004, Rank biserial correla-
tion = —0.262, Fig. 4b).

2.4. As children develop, their creative search becomes closer to adults’
search space

Our results suggest that children’s creative search is different in its
dynamic features, in the space of possibilities they navigate, and in their
choice of products compared with the creative search of adults. Are
there similar differences between younger and older children?

To study this question, we compared children’s performance
throughout the age range of 4-8 years. We separated children into two
groups using a median split of age: 1) Younger children, younger than or
equal to 6 years old and 2) Older children, older than 6 years old.
Analysis was also made with age as a continuous variable, see SI.

Contrary to the differences between children and adults in their
exploration-exploitation relation, we did not find significant changes in
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the dynamic features of children’s creative search across this age range
(neither in their proportion of time in exploration, nor in their efficiency
ratios, all p’s > 0.24). We did, however, find that as children grow, they
save a smaller fraction of unique shapes in their creative search
(Younger children: mean + ste = 0.44 + 0.02, 95% CI = [0.40, 0.49],
Older children: mean =+ ste = 0.35 4 0.03, 95% CI = [0.30, 0.40]. Mann-
Whitney test: U(5265) = 3287, p = 0.010, Rank biserial correlation =
—0.249, Fig. 5a. Similar results are obtained when we correlate the
fraction of unique shapes with children’s absolute age in years, see SI).

In addition, in an exploratory analysis we measured how many saved
shapes younger and older children shared with adults, indicating how
children’s search space compared with the adults’ space. Accordingly,
we calculated the percentage of saved shapes that were common to
adults and children in each age group out of the number of shapes each
group of children created. We repeated this calculation 1000 times with
sampling with replacements to bootstrap the distributions of the
possible percentage of shared saved shapes. Older children saved a
higher percentage of shapes that were shared with adults than younger
children (Younger children: mean + ste = 38.4% =+ 0.1%, 95% CI =
[35.8%, 41.8%], Older children: mean 4 ste = 48.2% 4= 0.1%, 95% CI
= [48.0%, 52.8%]. Mann-Whitney test: U(10%) = 10%, p < 1075, Rank
biserial correlation = 0.99, Fig. 5b).

Combined, these findings suggest that as children grow older, their
search space comes to resemble the adult search space. Children in the
4-8 year old range we studied do not yet show the dynamic features of
adults’ creative search (their exploration-exploitation balance and effi-
ciency ratio), which might suggest that these dynamic features develop
later in childhood.

2.5. Children’s creative search behavior is different from random
exploration

One possible explanation of children’s exploratory behavior is sim-
ply that their search is random, and thus they spend more time in
exploration, are less efficient in their exploitation, and have a larger
fraction of unique shapes. To test whether this was true, in an explor-
atory analysis, we compared the distribution of common shapes in
children’s, and adults’ behavior, to random exploration behavior. We
can compare these distributions by noting that different exploration
mechanisms will produce different scaling laws of the distribution of
created shapes - A heavy tailed distribution (a small power-law) in-
dicates an exploration process that is directed towards common shapes,
while a fast-decaying distribution (a large power-law) indicates an
exploration process that is not directed towards specific shapes.

We simulated random exploration by creating trajectories of random
moves in the space of shapes with the total length of trajectories sampled
from the distribution of lengths of children’s games. Next, to simulate
choices to the gallery in the random trajectories we created, we sampled

Fig. 4. Children show higher uniqueness in

their search than adults. a) Children choose a
higher fraction of unique shapes in their game
(Children: mean + ste = 0.40 + 0.02, 95% CI
= [0.37,0.44], Adults: mean =+ ste = 0.27 +

)02 04 06 08
common categories

- n

0.02, 95% CI = [0.24,0.31]. Mann-Whitney
test: U(14,746) = 4737, p < 107>, Rank bise-
rial correlation = 0.358). Inset, the differences
in the CDF of children’s vs. adults’ distribu-
tions of the fraction of unique shapes. Error
bars are 95% CI of each quantile difference, b)
Children exploit less common categories

, 3
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compared to adults (Children: mean + ste =
0.17 4+ 0.01, 95% CI = [0.14,0.20], Adults:
mean + ste = 0.24 + 0.01, 95% CI =
[0.21,0.27]. Mann-Whitney test: U(14,746) =
9307, p < 0.0004, Rank biserial correlation =

Children

—0.262). Inset, the differences in the CDF of the children’s vs. adults’ distributions of the % of common categories. Error bars are 95% CI of each quantile difference,
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a b Fig. 5. As children grow, they navigate in spaces
=== 5 that more closely resemble the adults’ search

\~x\/ : space. a) Older children (age > 6 yo) save a

) 5 3 smaller fraction of unique shapes than younger

Fracion o Uriaue Shapes 8 60} P P Sucdsrs children (age < 6 yo). Younger children: mean +

w T - o ste = 0.44 + 0.02, 95% CI = [0.40, 0.49], Older

5 g 0.8+ 7] 557 children: mean + ste = 0.35 &+ 0.03, 95% CI =
c 3 B 501 — [0.30, 0.40]. Mann-Whitney test: U(5265) =
S » 06 S 45! b 3287, p = 0.010, Rank biserial correlation —
@ % 0.4t - E 40l -T— — —0.249. Inset, the differences in the CDF of chil-
w -z T - @ — dren’s and adults’ distributions of the fraction of
S 0.2r @ 35¢ —— unique shapes. Error bars are 95% CI of each
0.t L 0\2 30t quantile difference, b) Older children save more
Younger Older Younger Older shapes that are shared with adults than younger

children (Younger children: mean + ste = 38.4%
+ 0.1%, 95% CI = [35.8%, 41.8%], Older chil-
dren: mean + ste = 48.2% =+ 0.1%, 95% CI =
[48.0%, 52.8%]. Mann-Whitney test: U(105) =

105 p < 1075, Rank biserial correlation = 0.99). Inset, the differences in the CDF of younger and older children’s bootstrapped distributions of the percentage of

shared shapes. Error bars are 95% CI of each quantile difference,

from the children’s distribution of number of moves between chosen
shapes and their timings. The thresholding algorithm then recognizes
exploration and exploitation phases in the random searches, as in the
children’s searches, but the shapes in this process do not necessarily bear
a specific meaning or a collective theme.

Indeed, when we compare the adults’ distribution to the children’s
distribution, both show a similar scaling law, calculated as the

maximum likelihood exponent of the power-law distribution, a =1 +

-1
n(ZiLog (ﬁ) ) (Newman, 2005) (Adults: « = 2.6 £ 0.03, 95% CI =

[2.54, 2.67], Children: o = 2.51 + 0.04, 95% CI = [2.43, 2.59], Fig. 6).
These two scaling exponents are very different from that of random
exploration (Random exploration: a = 10.8 + 0.7, 95% CI = [9.5, 12.4],
Mann-Whitney test for random versus adults or children, p’s < 107>,
Fig. 6). In addition, while children’s search behavior created shared
common themes in children’s categories (number of clusters in the giant
component = 214), the random exploration simulations did not create
any set of shared themes (zero clusters in the giant component). These
findings suggest that children’s exploration behavior is different from
random exploration and is directed towards common shapes, like adults’
search, though those shapes are different from the ones that adults
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Fig. 6. Children’s creative search is different from random exploration and is
directed towards common shapes. The distribution of the number of times each
shape was created — Adults (green), Children (orange), Random exploration
(red). Adults and Children scaling law is similar and different from random
exploration behavior (Adults: a = 2.6 + 0.03, 95% CI = [2.54, 2.67], Children:
o = 2.51 + 0.04, 95% CI = [2.43, 2.59], Random exploration: a = 10.8 & 0.7,
95% CI = [9.5, 12.4]). (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

produce.
3. Discussion

In this study we used a novel paradigm, the “Creative Foraging
Game”, to map and quantify children’s creative search, compare chil-
dren’s creative search to the creative search of adults, and to track the
development of creative search through childhood.

We found marked differences in how children and adults explored
the space of possibilities in the creative exploration task — differences
manifested in their search strategy, the space they navigate in, and the
products of their search. In particular, children spent more time
exploring the space of possibilities than did adults, and when they
exploited a related set of shapes, children did so less efficiently than
adults. Children chose different paths to search than adults did, and the
shapes they chose constitute a distinct and smaller part of the possible
space of shapes. However, children also created a higher fraction of
unique shapes and exploited common themes less in their search.

In addition to the differences between children and adults, we also
found that creative search changes through childhood. As children
develop, the space of possibilities through which they navigate grows
closer to the space of adults’ search. Our results suggest that this
developmental arc is evident as early as 4 to 8 years of age.

Our findings also suggest that children spend more time in explora-
tion, but their exploration is directed towards a different and smaller
part of the large space of possible shapes. Most paradigms that have
examined the exploration in children have done so in a constrained
search space, involving choices within a relatively small space of alter-
natives; this precludes the possibility of finding differences in children’s
and adults’ search space. In contrast, the CFG paradigm has a large
search space, including all 36,644 possible shapes that can be produced
in the grid—and in this large search space, children and adults explore
different possibilities.

The results suggest that there are two different aspects to children’s
search compared to adults. Overall, the space of shapes children
consider is smaller than the space of shapes that adults consider. This
makes sense, after all — adults’ common themes include letters, numbers,
and other images that they have learned over many years, know well
and are familiar with. However, within children’s smaller search space,
children appear to be more exploratory than adults. In particular, chil-
dren take relatively longer paths and create more alternative shapes
before they decide whether to save those shapes, and more of the shapes
they do save are unique. In other words, children spend more time
manipulating the squares, and the shapes they save appear to be more
likely to emerge from that exploration, rather than to be conceptualized
as a goal beforehand. Adults, in contrast, appear to choose a shape from
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their existing mental repertoire, and then use the squares in the grid to
implement that shape efficiently.

In Bayesian terms, children appear to employ a unique and narrow
hyperprior on “interesting shapes” that constrains the space they choose
to navigate in, while within this limited search space they consider many
shapes to be similarly interesting (i.e., use broad priors, as they do in
their learning of causal and social rules (Gopnik et al., 2015; Lucas et al.,
2014; Seiver, Gopnik, & Goodman, 2013; Wente et al., 2019)). In this
respect, children’s search strategies may suggest that they resolve the
exploration/exploitation trade-off differently than adults — while adults
cover a larger region of the search space and restrict their exploration
within it, children cover a smaller region of the search space but increase
their exploration within it.

An alternative explanation for children’s higher exploration, the less
efficient search they exhibit, and their higher fraction of unique shapes
could be that they are simply searching randomly. However, simulating
random agents from children’s distributions of trajectories and timings
suggests that children’s search is not random but rather directed at
specific shapes, though different shapes than adults. This finding aligns
with recent findings in children’s reward exploration, which indicated
similar degrees of randomness (inverse temperature parameter) in
children’s and adults’ behavior (Schulz et al., 2019). Another possible
explanation for the differences in children’s search could be that chil-
dren are generally less efficient in their search. Yet, if this was true, the
ratio of exploration efficiency to exploitation efficiency would have been
similar between children and adults, which is not the case. Children are
less efficient in their exploitation, and not just less efficient in general.

Previous research used reinforcement learning paradigms to study
both adults’ and children’s search for an external reward (Decker et al.,
2016; Nussenbaum & Hartley, 2019; Schulz et al., 2019; Wu et al.,
2018), where the objective function is well-defined, externally-moti-
vated, and with well-understood algorithms for (approximately) solving
the search problem. In contrast, the CFG paradigm presents a loosely
defined, internally-motivated search with no clear algorithms to solve it.
While the two paradigms study different search problems and the
exploration behavior they support is different in nature, both lines of
study suggest that exploration is not based on a purely random decision
making but rather is directed towards either gain in information in the
reinforcement learning paradigms or specific regions of the search space
in the CFG. Further study of the two paradigms together can reveal more
of the developing nature of human exploration in these different
domains.

Our findings cannot explain the source for the different balance be-
tween explore and exploit that children employ in the CFG paradigm. It
may be that children and adults interpret the task differently - while
adults impose a higher-level goal on the task (e.g., find as many inter-
esting shapes as possible), children might interpret it as play — a free,
unconstrained exploration. Changing the context or goal of the task
might make adults look more like children or vice-versa. In addition, our
findings cannot discriminate between the algorithmic and representa-
tional aspects of children’s search. Does their higher exploratory
behavior stem from a difference in the algorithm children use as they
search, from the way they conceptually organize the space of shapes, or
both? Further experiments and computational work are needed to
disentangle these two possibilities.

Despite these limitations, the CFG task allows a fine-grained map-
ping of children’s creative search strategies, the space they choose to
navigate in, and their products of search. In all these aspects, children
show marked differences from adults’ search. These differences high-
light the developmental arc of the unique human ability to be creative.
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